Introduction {#S0001}
============

Chronic obstructive pulmonary disease (COPD) is a major public health concern, with high prevalence and associated disability and mortality worldwide.[@CIT0001] According to a nation-wide study, there are 99.9 million people living with COPD in China in 2018, and over 0.9 million people died prematurely because of COPD each year.[@CIT0002] Acute exacerbations of COPD (AECOPD) are defined as any sustained worsening of respiratory symptoms in COPD patients.[@CIT0003] Hospitalizations for exacerbations, which only account for \$ 18 billion in direct costs annually in the United States, and are associated with 1-year mortality of 21% and 5-year mortality of 55%.[@CIT0004] Identification of risk factors for exacerbation may help slow disease progression and reduce the economic and societal costs of COPD. Known risk factors for COPD exacerbations include cigarette smoking, infections, exposures to air pollutants and occupational hazards.[@CIT0005] Another potential trigger for such exacerbations is short-term exposures to extreme temperature.[@CIT0006]

Extremes of temperature, both cold and hot, have also been associated with excess mortality and morbidity among patients suffering from COPD.[@CIT0007] Previously reported works have demonstrated conflicting results on the correlation of ambient temperature and COPD hospitalization, emergency room visits, and outpatient clinic visits.[@CIT0006],[@CIT0008]--[@CIT0013] Several published studies suggest that a decline in ambient temperature is linked with a higher susceptibility to COPD risk.[@CIT0006],[@CIT0008]--[@CIT0010] Other researches have reported higher COPD risks during high temperature.[@CIT0011]--[@CIT0013] However, research conducted in Taiwan from 2000 to 2008 has reported a U-shaped association.[@CIT0014] Furthermore, previous studies on temperature and COPD have been conducted mostly in the developed regions rather than the developing ones. Therefore, high-quality evidence and large population-based study from China are certainly lacking.

Mean ambient temperature and the frequency of extreme temperature weather may increase due to climate change in the near future.[@CIT0015] It is, therefore, important to understand how temperature may impact COPD patients and to find an optimal index of temperature for health environment research. Ambient daily mean temperature and apparent temperature are two commonly studied indices of thermal stress.[@CIT0016] This study aims to examine the relationship between ambient temperature (including Tmean and AT as indices) and AECOPD hospitalizations among residents in urban areas of Beijing between 2013 and 2016. Quantifying the effect of temperature for AECOPD hospitalizations and identifying susceptible populations could provide useful information for disease surveillance and prevention strategies.

Methods {#S0002}
=======

Study Sites and Data Collection {#S0002-S2001}
-------------------------------

Beijing is the capital of the People's Republic of China, the world's third most populous city, and most populous capital city. It has an urban area of 4144 km2 (1600 sq mi), a population of more than 22 million in 2015. It lies in a semi-humid continental monsoon region in a warm northern temperature zone. In terms of seasons, Beijing has dry-cold winters and humid-hot summers while springs and autumns are both windy and relatively short in duration. The location and geographical properties of Beijing are shown in [Figure 1](#F0001){ref-type="fig"}.Figure 1Location of 12 air quality monitoring sites, and one meteorological station in Beijing, China.

Data on AECOPD hospitalizations in major hospitals were collected from Beijing Public Information Center between January 1, 2013, and December 31, 2016. AECOPD was defined according to the International Classification of Disease revision 10 (ICD-10: J41--J44). The study was approved by the ethical committee of Peking Union Medical College Hospital. All data were fully anonymized before gathered for research purposes.

Meteorological data were obtained from Beijing Meteorological Bureau and included daily Tmean, relative humidity, wind speed, and air pressure. AT,[@CIT0017] an index to reflect the individual perception of combined exposure to temperature, humidity and wind speed is calculated as $$\documentclass[12pt]{minimal}
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Here, e denotes the water vapor pressure that is performed by the following formula: $$\documentclass[12pt]{minimal}
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To adjust for the possible effects of air conditions on AECOPD hospitalizations, Air Quality Index (AQI) was obtained from the Beijing Environmental Monitoring Center. There was no missing data during the study period. Air pollutant data were measured at 12 monitoring stations spread across Beijing, shown in [Figure 1](#F0001){ref-type="fig"}.

Statistical Analysis {#S0002-S2002}
--------------------

Previous studies suggested that temperature usually has a delayed effect when it comes to respiratory conditions. In the study, a quasi-Poisson function combined with a distributed lag non-linear model (DLNM) was used to examine the temperature effect on AECOPD hospitalizations. This method allows us to simultaneously describe a non-linear exposure-response association and delayed or harvesting effects.[@CIT0018],[@CIT0019]

We controlled for the long-term trend and seasonality of daily number of hospitalizations using a natural cubic spline with 7 degrees of freedom (df) per year for time, relative humidity, wind speed, air pressure and AQI using a natural cubic spline with 3 df. To control any confounding weekly pattern, the day of the week was also included as a variable. To analyze the temperature-AECOPD hospitalization relationship, we used a natural cubic spline with 4 df, respectively, for temperature dimension and lag dimension. We placed knots at equally spaced percentiles of temperature distribution and at equally spaced log-values of lag.[@CIT0020] A maximum lag of 30 was used to completely capture the overall temperature effect and adjust for a possible harvesting effect.[@CIT0021]

Optimum temperature was used as the reference value to calculate the health risk of high and low temperature. To estimate health effects the extreme and moderate high temperature, we, respectively, computed the RR of AECOPD hospitalizations at the 99th and 90th percentiles of temperature in comparison with 75th percentile of temperature; for the extreme and moderate low-temperature effect estimates, we, respectively, computed the RR of AECOPD hospitalizations at the 1st and 10th percentiles of temperature in comparison with 25th percentile of temperature, which was motivated by previous studies.[@CIT0022],[@CIT0023] Furthermore, to produce an easily interpretable effect estimates with previous studies, we further quantified the effect estimates of low and high temperature by per an absolute change (1°C) of abovementioned temperature range, for example, 1°C increase from 90th percentile of temperature to 99th percentile of temperature for the extreme temperature effect. This method of calculating temperature effects had been applied in the previous study.[@CIT0023] We also examined and plotted cumulative relative risks of temperature at lag 0, lag 0--3, 0--7, 0--14 and 0--30 days to describe the acute, moderate acute, moderate delayed, delayed, and long-lasting level effects, separately.

In addition, to assess which temperature index is a better predictor for the influence of temperature on health, we compared the effect estimates of low and high temperature on hospitalizations by using Tmean and AT, and we also compared the corresponding Akaike's Information Criterion for quasi-Poisson (Q-AIC) for these two indexes, separately. And to identify the vulnerable subpopulations, we also conducted subgroup analyses that were stratified by gender (male vs. female) and age (\<65 years old vs. ≥65 years old). The Z-test was applied to test the statistical significance of the differences between effect estimates by age and gender.[@CIT0024]

All analyses and modeling were conducted using the R software (version 3.4.3), with its "dlnm" package. Statistical significance was set at p value \<0.05.[@CIT0018]

Results {#S0003}
=======

Data Description {#S0003-S2001}
----------------

Summary of daily AECOPD hospitalizations and Meteorological Data are shown in [Table 1](#T0001){ref-type="table"}. A total of 143, 318 AECOPD hospitalizations were collected during the study period, with daily hospitalizations ranging from 17 to 226. The average Tmean and AT were 12.88°C and 5.85°C, respectively. The means and standard deviations (SD) of AP, RH, WS, and AQI were 1016.56±10.17 hPa, 53.43±19.86%, 9.29±4.75 m/s, and 123.65±75.17, respectively. The composition of daily hospitalizations differed by sex-and age-subgroup: Two-thirds of the patients were male and 82.60% were 65 and older. [Table 2](#T0002){ref-type="table"} shows the Spearman correlation between meteorological indices. Tmean and AT estimates were strongly correlated. Tmean was positively correlated with relative humidity, while negatively correlated with the other three weather variables.Table 1Description of Daily AECOPD Hospitalizations and Meteorological Data in Beijing, China, 2013--2016VariablesMinimumP25MedianP75MaximumMean±SDDaily meteorological factorsMean temperature(°C)−16214233212.88±11.17Apparent temperature(°C)−38.07−75.9719.1232.695.85±14.68Air pressure (hPa)99410081016102510441016.56±10.17Humidity (%)83853699753.43±19.86Wind speed (m/s)36811349.29±4.75AQI2368104159485123.65±75.17AECOPD hospitalization.Total17669812522698.10±39.42Male1243668315865.40±25.63Female221314211032.69±15.95People aged\<65 years01017234717.07±8.22People aged≥65 years13558110318981.03±32.68[^1] Table 2Spearman Correlation Coefficients Between Meteorological Data in Beijing, China, 2013--2016Meteorological DataAQIMean TemperatureApparent TemperatureHumidityWind SpeedAir PressureAQI1.000Mean temperature−0.062\*1.000Apparent temperature0.072\*\*0.964\*\*1.000Humidity0.433\*\*0.315\*\*0.484\*\*1.000Wind speed−0.471\*\*−0.176\*\*−0.419\*\*−0.571\*\*1.000Air pressure−0.049−0.872\*\*−0.841\*\*−0.287\*\*0.159\*\*1.000[^2]

Effect of Tmean and AT on Daily Hospitalizations {#S0003-S2002}
------------------------------------------------

[Figure 2](#F0002){ref-type="fig"} shows the lag structures of cold and hot effects on AECOPD hospitalizations. In general, the effects of extreme cold temperature moderate cold temperature peaked at 2 days after exposure and declined slightly with a duration of 30 days, while moderate cold temperature effects appeared acutely and lasted for 14 days. The hot effects on AECOPD hospitalizations appeared after 2 days' exposure to hot temperature and peaked after about 4--5 days following the exposure to hot temperature and then leveled off in the next 4 weeks. Notably, no apparent harvesting was found for cold and hot effects. Therefore, we present the accumulative hot and cold effects along 30 days.Figure 2The cumulative effects of mean temperature on AECOPD hospitalizations over lag 30days in Beijing. The black lines are relative risks of AECOPD hospitalizations and grey regions are 95% confidence intervals.

[Figures 3](#F0003){ref-type="fig"} and [4](#F0004){ref-type="fig"} show the relationship between Tmean and AT on AECOPD hospitalizations over lag 30 days in a reverse J-shaped pattern. The optimum temperature was 9.0°C and 14.7°C for Tmean and AT, respectively. When compared with Tmean, increase in AT had higher RRs for AECOPD hospitalizations, also Q-AIC showed a lower value.Figure 3The cumulative effects of apparent temperature on AECOPD hospitalizations over lag 30days in Beijing. The black lines are relative risks of AECOPD hospitalizations and grey regions are 95% confidence intervals.Figure 4The effect of mean temperature (°C) and apparent temperature on AECOPD hospitalizations along days of lag. The black lines are relative risks and grey regions are 95% confidence intervals.**Notes:** The definitions of extreme cold, moderate cold, moderate hot, and extreme hot temperatures are the same as those in the footnotes of [Tables 3](#T0003){ref-type="table"} and [4](#T0004){ref-type="table"}.

[Table 3](#T0003){ref-type="table"} shows the cumulative effect of cold temperature on AECOPD hospitalization by gender and age over lag 0--30 days. When compared with moderate temperature (10th vs 25th), extreme temperature (1st vs 25th) had greater effects on AECOPD hospitalization. The increased cumulative effects of extreme temperature at Tmean and AT were 1.55 (95% CI: 1.21,2.00) and 2.08 (95% CI: 1.44,3.01) respectively, while those of the moderate temperate were 1.11 (95% CI: 0.99,1.24) and 1.07 (95% CI: 0.93,1.22) respectively. However, there was no significant association between high temperature and AECOPD hospitalization ([Table 4](#T0004){ref-type="table"}). The changing trends of CRR from the temperature in subgroups were consistent with the total population. Besides, the effect of temperature indexed by AT on AECOPD event was greater compared to that of Tmean. The adverse effects of temperatures were more prominent for female and people aged \<65 years, but the difference was statistically insignificant (P \> 0.05).Table 3Relative Risks and Their 95% Conﬁdence Intervals of Extreme and Moderate Cold Temperatures on AECOPD Hospitalizations Over Lag 30 Days by Sex and Age GroupsMean Temperature(°C)Apparent Temperature(°C)Extreme Cold (95% CI)^a^Moderate Cold (95% CI)^b^Extreme Cold (95% CI)^c^Moderate Cold (95% CI)^d^Total1.55(1.21,2.00)\*1.11(0.99,1.24)2.08(1.44,3.01)\*1.07(0.93,1.22)SexMale1.47(1.12,1.93)\*1.08(0.96,1.23)1.83(1.23,2.72)\*1.04(0.89,1.20)Female1.72(1.27,2.33)\*1.17(1.02,1.33)\*2.64(1.69,4.13)\*1.12(0.96,1.32)Age\<65 years1.61(1.07,2.43)\*1.26(1.06,1.51)\*2.43(1.34,4.41)\*1.30(1.05,1.61)\*≥65years1.53(1.19,1.97)\*1.08(0.97,1.21)2.01(1.39,2.89)\*1.03(0.90,1.18)[^3] Table 4Relative Risks and Their 95% Conﬁdence Intervals of Extreme and Moderate Hot Temperatures on AECOPD Hospitalizations Over Lag 30 Days by Sex and Age GroupsMean Temperature(°C)Apparent Temperature(°C)Extreme Hot (95% CI)^a^Moderate Hot (95% CI)^b^Extreme Hot (95% CI)^c^Moderate Hot (95% CI)^d^Total1.17(0.88,1.54)1.09(0.93,1.26)1.17(0.85,1.62)1.07(0.92,1.24)SexMale1.19(0.88,1.60)1.10(0.93,1.29)1.16(0.82,1.62)1.06(0.90,1.24)Female1.13(0.80,1.58)1.06(0.88,1.28)1.22(0.81,1.82)1.09(0.90,1.31)Age\<65years1.05(0.69,1.60)1.03(0.82,1.30)1.04(0.64,1.67)1.01(0.81,1.27)≥65years1.20(0.90,1.58)1.10(0.94,1.28)1.21(0.87,1.67)1.08(0.93,1.26)[^4]

The effect estimates of low and high temperature by per absolute change (1°C) of extreme and moderate temperature range were shown in [[S-Table 1](https://www.dovepress.com/get_supplementary_file.php?f=224198.docx)]{.ul} and [[S-Table 2](https://www.dovepress.com/get_supplementary_file.php?f=224198.docx)]{.ul} in Supplementary materials.

As indicated in [Figure 5](#F0005){ref-type="fig"}, the association between temperature and AECOPD hospitalizations varied by lag periods. The RRs for cold and extreme cold temperatures increased with more lagged days. For cold effect, the CRR of extreme cold temperature on AECOPD hospitalizations gradually increased for up to weeks with statistical significance. Moderate low temperature also had a mild adverse impact on AECOPD hospitalizations. For hot effect, the CRR of hot temperature on AECOPD hospitalizations gradually increased with the lag days. However, the effects were statistically insignificant (P \> 0.05).Figure 5The cumulative relative risk and their 95% conﬁdence intervals of cold and hot effects on AECOPD hospitalizations along different lag days in Beijing, China, 2013--2016.**Notes:** The definitions of extreme cold, moderate cold, moderate hot, and extreme hot temperatures are the same as those in the footnotes of [Tables 3](#T0003){ref-type="table"} and [4](#T0004){ref-type="table"}.

Discussion {#S0004}
==========

This large-scale population-based study showed that short-term exposure to low temperature increased the risk of AECOPD hospitalizations, while high temperature had a limited effect. We also showed that the adverse temperature effects are rather delayed, lasting up to a few weeks post-exposure. The females and patients younger than 65 years old were found to be more vulnerable to low temperature.

Our study found that low temperature, rather than high temperature, had a significant and positive correlation with AECOPD hospitalizations in Beijing. This result is consistent with previously reported studies conducted in regions with different climatic conditions. For example, the Korean COPD subgroup study based on big data analysis has also concluded that the lowest temperature was associated with acute exacerbations.[@CIT0025] A previous nationwide study in Taiwan reported that the risk of COPD exacerbation rate increased by over 0.8% for every 1°C rise in air temperature.[@CIT0008] Another cohort study from 1995 to 2009 in London estimated that exposure to lower temperature was associated with more severe COPD exacerbations.[@CIT0026] In a recent study in HongKong during 2004--2011 reported that COPD hospitalization was more sensitive to cool temperatures among adults over 60.[@CIT0010] However, other studies have demonstrated an increase in hospitalization due to exacerbations on days with high mean temperature.[@CIT0012] Although the RR curve tends to increase in hot temperature in our study, there is no statistical significance. Similarly, a study in the UK found no relation between short-term heat and total emergency room visits.[@CIT0027] We speculated that the hot temperature effect may be modified by different climates, air pollution, population sizes, and housing types. Besides, individuals in our study were vulnerable to the effects of cold temperature than hot temperature exposure may be explained by brief excursions in cold outdoor environments and gain more access to air condition in hot weather.

Several mechanisms have been proposed why cold weather is linked to increases in pulmonary diseases. Firstly, cold temperatures were found to decrease lung function. A study conducted in East London showed FEV1 was lower in cold weeks compared to the warm ones during a 1-year epoch.[@CIT0009] Secondly, bronchoconstriction and inflammation were more robust as temperature decreases.[@CIT0028] Thirdly, cold weather may induce mucus hypersecretion in the airway, which may induce AECOPD in the setting of cold exposure.[@CIT0029]

Previous studies showed high temperature had a short lag effect on pulmonary diseases while that of low temperature tends to last longer.[@CIT0030]--[@CIT0032] However, no apparent harvesting effects of temperature on AECOPD hospitalizations were observed in Beijing, China. Lin et al found that the greatest number of total emergency room visits was 0--14 days after elevated temperatures.[@CIT0030] Baccini et al found that harvesting effect was more pronounced in the North-continental cities than in the Mediterranean cities.[@CIT0033] Different regions, climatic conditions and socioeconomic characteristics may have blunted the harvesting effect. Thus, our results suggest more attention to be paid on the lasting effect of extreme temperature to prevent AECOPD in Beijing.

The effects of temperature indexed by AT were greater than that of Tmean on AECOPD hospitalizations. Compared with Tmean, AT was shown to be a better predictor for the health effect assessment of temperature in Beijing. The potential explanation for this is that the perceived-temperature may be different from the actual temperature because of factors such as wind-chill or humidity. The low temperature of AT is actually colder than low temperature of Tmean. Kunst et al also suggest that AT is a better measure of human response to wind-chill related stress in cold season than simple ambient temperature or other thermal indices.[@CIT0034] In hot weather, when humidity is high and wind speed is low, the actual apparent temperature of the environment is higher because the body cools itself at a slower rate as the environment makes it harder for the sweat to evaporate, thus greater effects on AECOPD.

Contrary to the previous studies,[@CIT0008],[@CIT0013],[@CIT0035] we found that patients under the age of 65 were more susceptible to cold temperature for AECOPD hospitalizations. In theory, the elderly are more sensitive to extreme temperature due to thermoregulation impairment, reduced respiratory function, weaken immune defenses and higher prevalence of comorbidities.[@CIT0036] This inconsistency between theoretical results and our results may be explained by the fact that younger patients are more likely to go outdoors, which increases their exposure to cold temperature. Consistent with previously reported study,[@CIT0035] we found that the impact of cold temperature was greater for females. Temperature-related susceptibility by gender may be due to women's special reaction to the cold exposure that they require shivering as a source of heat production earlier than men.[@CIT0037]

The study has several advantages. Firstly, the majority of research investigating the relationship between temperature and health have largely focused on numbers dying or odds of death. Contrarily, hospitalization is a more susceptible indicator to reflect the health fluctuations in environmental factors, which contain higher counts for patients and confers a better statistical power. Secondly, distributed non-linear lag models, an advanced statistical approach, account for the delayed and non-linear effects of air pollutants and temperature flexibly and provide estimates of the lag-specific risks and cumulative effect simultaneously. Thirdly, we used only the main diagnosis of hospitalizations in metropolitan Beijing, which can avoid admission bias and reduce misclassification of outcomes.

Nevertheless, our present study has some potential limitations. Firstly, we used the average concentrations measured at fixed monitoring stations rather than personal measures for air pollution and weather exposures, which may bias our results toward the null, underestimating the RRs.[@CIT0038] Secondly, potential confounding factors at the individual level for AECOPD, including smoking, use of air conditioning, indoor activity and pollutant patterns, could not be fully accounted for due to lack of information. Thirdly, the possible misdiagnosis of AECOPD interpreting the findings should also be taken into account. Fourthly, we could not identify the re-admissions for patients with the same AECOPD from the available data. Besides, data are only from urban areas of Beijing, with high air pollution and high population density. Also, the study period was only 4 years. It ought to be cautious when generalizing the findings to other climates and other geographic areas. Further assessment aimed at the definition of prevention programs and warning systems should research the potential added effect of specific exposures and adaptation of the population, as well as heat waves and cold spells.

Conclusion {#S0005}
==========

We observed significant nonlinear and delayed effects of cold temperature on AECOPD hospitalizations in this study. Compared with the mean temperature, the apparent temperature indicating how people actually feel is more closely associated with AECOPD. The susceptive groups were females and patients under 65 years. To reduce temperature-related AECOPD hospitalizations, health authority should take measures to protect the vulnerable group and focus more on the long-lasting effect.
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Tmean, daily mean temperature; AT, daily apparent temperature; Q-AIC, Akaike's Information Criterion for quasi-Poisson; AECOPD, acute exacerbations of chronic obstructive pulmonary disease; DLNM, Distributed Lag Non-linear Model; CRR, Cumulative Relative Risk; RR, Relative Risk; CI, Confidence interval; Total, Total hospitalizations.
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[^1]: **Abbreviations:** P25, the 25th percentile; P75, the 75th percentile; SD, standard deviation.

[^2]: **Notes:** \*P\<0.05, \*\*P\<0.01.

[^3]: **Notes:** \*P\<0.05, ^a^The ﬁrst percentile of mean temperature (−7.4°C) relative to the 25th percentile of mean temperature (2.0°C). ^b^The 10th percentile of mean temperature (−2.0°C) relative to the 25th percentile of mean temperature (2.0°C). ^c^The ﬁrst percentile of apparent temperature (−25.5°C) relative to the 25th percentile of apparent temperature (−7.0°C). ^d^The 10th percentile of apparent temperature (−12.8°C) relative to the 25th percentile of apparent temperature (−7.0°C).

[^4]: **Notes:** ^a^The 90th percentile of mean temperature (27.0°C) relative to the 75th percentile of mean temperature (23.0°C). ^b^The 99 th percentile of mean temperature (30.0°C) relative to the 75th percentile of mean temperature (23.0°C). ^c^The 90 percentile of apparent temperature (24.8°C) relative to the 75th percentile of apparent temperature (19.1°C). ^d^The 99th percentile of apparent temperature (30.4°C) relative to the 75th percentile of apparent temperature (19.1°C).
